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Reflective Goal-Setting Improves Academic Performance in Teacher and Business 
Education: A Large-Scale Field Experiment 
 
Students often have trouble adjusting to higher education and this affects their 
performance, retention, and well-being. Scholars have suggested applying reflective goal-
setting interventions, and most have found positive effects on academic performance and 
retention. However, one study found no effect at all, stressing the need for understanding 
the underlying mechanisms, as they could explain when the intervention works and why. 
Thus, we assessed these mechanisms through a rigorous effect test, using an experimental 
design and repeated measures. We measured engagement, self-regulated learning, 
resilience, grit, wellbeing, academic performance, and retention at three points in a large 
scale randomized controlled trial involving first-year teacher and business education 
students (N = 1,134). The treatment group earned significantly more course credits and 
had lower drop out rates. Contrary to previous findings, these effects were independent of 
gender or ethnicity. Grit, self-regulated learning, resilience, or engagement did not 
mediate the effects. This study confirmed reflective goal-setting’s small and direct effect 
on academic performance, but no mediating or moderating effects. Differences in 
implementation fidelity could explain previous studies’ varying effect-sizes. 
Keywords: Academic performance; Academic achievement; Goal setting; Well-being; 




More than a quarter of all students leave western higher education without obtaining 
the degree for which they enrolled (OECD, 2019). The majority of those who drop out do so 
in their first year (Willcoxson, 2010), and ample evidence suggests that this might be due to 





et al., 2020). Difficulty in adjusting to a university and its specific features can lead to stress, 
poor mental well-being (Bayram & Bilgel, 2008; Catterall et al., 2014; Morosanu et al., 
2010), and academic underachievement, manifested as low grades, reduced course credits, 
and high drop-out rates (Kuh et al., 2007; Reis & McCoach, 2000). 
Academic performance is commonly defined as the extent to which students reach 
their short- and long-term educational goals. The United States and Canada use Grade Point 
Average (GPA), as an indicator for academic performance, while most European countries 
measure the number of standardized course credits (European Credits). Universities already 
invest in broad programs, such as peer coaching, supplementary tuition, mentoring, or 
summer schools, to improve academic performance and retention, but their effects are rarely 
tested with controlled experimental designs. Although several rigorous experimental studies 
have reported successful targeted interventions for specific at-risk students (Sherman et al., 
2013; Walton & Cohen, 2011; Walton et al., 2015), these interventions cannot be generalized 
to a broader population.  
Morisano et al. (2010) presented a reflective goal-setting intervention that was low-
cost, scalable, and available to a broad student population, based on the principles of goal-
setting theory (Locke & Latham, 2002). They reported that the intervention, in which students 
reflected their desired futures, prioritized goals, and developed strategies in an essay, 
improved both GPA and student retention. Since then, Dobronyi et al. (2019) and Schippers et 
al. (2015; 2020) tested the effects of reflective goal-setting interventions. Both Schippers et al. 
studies (2015; 2020) used a quasi-experimental design on multiple European business school 
student groups (N = 3,144 and 2,928, respectively). In the former study, the intervention 
enhanced retention rates and course credits by 20%, and although all students benefited, the 
performance of male students and ethic minorities improved the most (Schippers et al., 2015). 





was related to improved academic performance, regardless of the chosen goal (academic, 
social, etc.) (Schippers et al., 2020). On the other hand, Dobronyi et al. (2019) performed a 
large field experiment with first-year students from a Canadian university (N = 1,356), 
comparing the academic performance of a control group, an intervention group, and a group 
who received the intervention and a brief mindset intervention at the start of the year. 
Contrary to Morisano et al. (2010) and Schippers et al. (2015; 2020), they found no treatment 
effect. This raises a few questions: does reflective goal-setting truly have a significant effect, 
was Dobronyi et al.’s (2019) null effect due to the aforementioned studies’ lack of 
generalizability, and is there a potential confounding factor that has not been taken into 
account? Regarding the latter, certain moderators that were not included in the previously 
mentioned studies might play a role and may account for the equivocal results.  
Furthermore, prior research indicated the existence of four different types of factors 
that could shed light on the mechanism behind the intervention. Firstly, Schippers et al. 
(2015) suggested that gender and ethnicity moderate the effects, with the intervention being 
more effective for male students and ethnic minorities (Demographics). Secondly, Schippers 
et al. (2020) found that the number of words that the students write correlates with the 
intervention’s effect, suggesting that the extent and earnestness of student participation, as 
well as their understanding of the purpose, might influence the results (Implementation 
fidelity). Thirdly, psychological constructs could explain the underlying mechanism, given 
that goal-setting aims to direct thoughts and behaviors that subsequently lead to performance 
(Self-regulation, engagement, grit, and resilience). Regarding self-regulation, goal-setting 
theory suggests that it mediates the effect of setting goals (Locke & Latham, 2002), but this 
mediating effect has not yet been tested with reflective goal-setting or in the educational 
domain. In Travers et al.’s (2015) qualitative diary study that explored the potential 





engagement. Additionally, Jachimowicz et al. (2018) suggested that reflecting on your 
passions and goals, and developing strategies improves grit and subsequently, performance. 
However, another potential explanation might be that the reflective goal-setting intervention 
boosts resilience, given that the latter is partly dependent on having a goal and particularly 
benefits struggling students (Azmitia et al., 2018; DeRosier et al., 2013; Windle et al., 2011).  
Fourth, within higher education, goal-setting interventions have almost exclusively been 
tested in business and economics courses. Thus, in order to generalize the results to higher 
education’s broader domains and verify whether the intervention is domain-specific or not, 
samples should also include other types of university students. Policymakers, researchers, and 
practitioners need more conclusive evidence about the effects of reflective goal-setting 
interventions, and a definitive understanding of which contexts and under which conditions 
these effects can be expected.  
Lastly, the failure to replicate effects is a widespread phenomenon. As only one-third 
of the related social psychology studies can be replicated, Maxwell et al. (2015) proposed 
using more rigorous designs with large power and Locke (2015) suggested aiming to replicate 
with variation. Replication with variation entails searching for moderators and mediators to 
inductively expand the theory’s generality across different conditions. Accordingly, testing 
the aforementioned types of potential moderators and mediators can expand goal-setting 
theory in education, and help us explain when and why reflective goal-setting interventions 
are effective.  
Based on these issues, we measured the four types of moderating and mediating 
effects in order to perform a replication with variation. We tested the potential treatment with 
a rigorous experimental design that had enough power to identify the true effects. To situate 
the results and implications, we divided the literature review into three sections: (1) an 





higher education, (2) why and how we expected the psychological constructs to mediate the 
treatment effects on performance, retention, and well-being, and (3) implementation fidelity’s 
role in experimental studies and replications.  
 
Literature Review and Hypothesis Development 
Goal-Setting Theory and Interventions 
Scholars have extensively studied goal-setting theory, which originated nearly 50 
years ago in organizational psychology (Locke & Latham, 2002), and its unique behavioral 
effects in organizational contexts, sports, and healthcare (Epton et al., 2017). Goal setting, as 
an intervention, begins with establishing specific and ambitious goals in low complexity 
contexts. This process improves performance, because it (1) directs attention and efforts to 
goal-relevant tasks, (2) energizes the individual by separating current and desired states, (3) 
improves persistence, and (4) indirectly affects the individual’s actions by contributing to the 
discovery and/or use of new strategies (Locke & Latham, 2002).  
Although these mechanisms explain the effect of straightforward goal-setting exercises 
in low complexity contexts, an increasing amount of studies are modifying and applying goal-
setting interventions to a first year higher education environment. The latter is a highly 
complex context, given that the tasks, environment, and expected high self-regulation are new 
concepts for first-year students. Within this context, three different types of goal-setting have 
thus far been experimentally or quasi-experimentally tested. These studies were not included 
in the goal-setting meta-analyses of Mento et al. (1987), Kleingeld et al. (2011), and Epton et 
al. (2017).  Table A.1 in Appendix A offers an overview of all experimental studies 






With regards to the three different types of goal-setting applied in higher education, 
the first type asks students to set goals for the grades, or the number of course credits that 
students set out to achieve (Clark et al., 2019; Van Lent, 2019; Van Lent & Soeverijn, 2020). 
For example, van Lent and Soevereijn (2020) performed a field experiment with 1,092 Dutch 
economy students and instructed a random subset of mentors to encourage students to set 
grade goals. Within this subset, half of the mentors were further instructed to motivate 
students to raise their grade goal. Students in the grade-goal group performed significantly 
better, but those who were pushed to raise their grades performed significantly worse. Van 
Lent (2019) also conducted a field experiment with 2,100 Dutch economy students, asking 
half of them to set grade goals or optionally, other goals in a short survey. Compared to the 
control group, these students did not perform better on their exams. Similarly, in their field 
experiment with 1,967 American microeconomics students, Clark et al. (2019) reported an 
insignificant increase in the performance of those who set grade goals. Thus, the evidence 
shows that goal-setting produces little to no positive effects on academic performance. 
The second type of goal-setting intervention targets the specific tasks one wants to 
complete. The Clark et al. (2019) study also included another field experiment with 2,004 
American students enrolled in microeconomics. The students that were randomly allocated to 
the treatment group were encouraged to set task goals (e.g., the number of online practice 
exams they would complete before their final exam), while those in the control group received 
no goal setting encouragements. After the intervention, students in the treatment group 
reported significantly higher task completion levels and scored marginally higher on 
performance. Despite the modestly positive results, a placebo effect risk is possible, given that 
the control group did not receive a control intervention. 
The third category allows students to reflect on and determine their own life goals 





Travers et al., 2015). Whether it be grade or task goals, students are encouraged to choose 
their most important life goals in any domain. Within this category, different variations exist. 
In a small-scale trial conducted on struggling students from a Canadian university (N = 85), 
Morisano et al. (2010) tested a version that combined expressive writing exercises 
(Pennebaker & Chung, 2011) with mental contrasting (Oettingen et al., 2010), implementation 
intentions (Gollwitzer, 1999), and goal-setting theory. Their results revealed that the treatment 
group obtained a significantly higher GPA than the control group.  
The previously explained Schippers et al. (2015; 2020) and Dobronyi et al. (2019) 
studies used another version, based on the self-authoring program (selfauthoring.com), that 
involves similar exercises, but also draws on negative scenarios (e.g., what will happen if you 
do not change your habits?). Schippers and Ziegler (2019) reviewed the literature and 
described the different elements that reflective goal-setting interventions should ideally 
contain. Their proposed version, the life-crafting intervention, emphasizes finding purpose in 
life and passion during the reflective writing exercises, applies implementation intentions 
more extensively and includes a final stage in which students publicly communicate their 
goal. 
Although these different versions offer slightly different experiences, they draw on 
similar mechanisms, and can be categorized as reflective goal-setting interventions, compared 
to the other categories. Both grade, task, and reflective goal-setting interventions in higher 
education share a common ground in goal-setting theory, but they differ in how directed and 
extensive they are. There is some evidence that grade and task goals might lead to small 
benefits, but other studies show larger or no effects. As Locke and Latham (2005) argued, 
employing the right moderators or mediators can expand goal-setting theory. Thus, the chosen 
underlying moderators, which may even be population dependent, may have caused previous 





of struggling students and large samples of business or economics students. Their findings on 
the moderating effect of gender and ethnicity are also inconclusive. Therefore, given these 
quasi-experimental findings, we formulated the following hypotheses: 
Hypothesis 1. Students in both business and teacher education, who received a reflective 
goal-setting intervention at the start of their study, will obtain more course credits and drop-
out less than their peers in the control condition.  
Hypothesis 2. Gender and ethnicity will moderate the intervention’s effect on study credits 
and drop-out rates. 
 
Potential Mediators: Self-Regulated Learning, Resilience, Grit, and Engagement 
The recent diversification in the application of goal setting in the educational context 
has already led to proposed alterations in and additions to goal-setting theory that must be 
experimentally tested. For instance, Schippers et al. (2020) reported that only one out of five 
students that participated in the intervention chose an academic goal. Nevertheless, the 
intervention improved their academic performance, regardless of the subject of their goals. 
This finding differs from goal-setting theory that argues that task specificity is an essential 
criterion for success. Travers et al. (2015) studied 92 English university students and found 
that those who participated in the intervention observed the following mechanisms. After 
setting life-goals, they had to break these down into smaller goals, as stepping stones, and this 
enticed short-term action and an immediate increase in effort. Then, they sustained this 
increase through persistence and self-efficacy, and many reported that this effort led to 
subsequent engagement. This mechanism overlaps with Schippers’ (2017) propositions. 
Given that a particular intervention can aim to increase students’ goal-oriented behaviors, 





on improving students’ resilience and self-regulatory strategies, as these could lead to higher 
engagement, academic performance, and well-being (Figure 1).  
 
Figure 1  
Mediating Mechanisms between Goal-setting Intervention and Outcomes. 
 
Note. SRL= Self-regulated learning. SRL is a multidimensional and modular construct 
(Pintrich & De Groot, 1990). For this study we used the modules effort regulation, attention, 
intrinsic goal orientation, self-efficacy, and metacognition. 
 
In education, self-regulatory behavior is commonly defined as self-regulated learning 
(SRL), a multi-dimensional construct that includes “the cognitive, metacognitive, behavioral, 
motivational, and emotional/affective aspects of learning” (Panadero, 2017, p. 1). In their 
meta-analysis of SRL’s effects on students and professionals, Sitzmann and Ely (2011) noted 
that “one commonality across all the theories is that goal-setting triggers self-regulation” (p. 
422), but SRL also has a positive impact on educational attainment (Sitzmann & Ely, 2011). 
Depending on the goal’s specificity, a person’s commitment to the goal and his/her related 
task knowledge both lead to a focus on goal-related activities, effort regulation, persistence, 
and the use of task-relevant knowledge and strategies (Locke & Latham, 2002). In practice, 
SRL manifests itself in higher levels of academic initiative, such as active class participation, 





2006). These practical implications are why we expect SRL to be a proxy for engagement and 
academic performance (Pintrich & De Groot, 1990; Sitzmann & Ely, 2011;).  
A goal-setting intervention may also improve resilience, or the capacity to combat 
adversity, as having a clear goal and following it can enhance resilience (Connor & Davidson, 
2003; Turner et al., 2011). Increased resilience might particularly benefit students who are 
more dependent on support systems (Azmitia et al., 2018; DeRosier et al., 2013). If a goal-
setting intervention helps them set goals, the resilience they develop in the process further 
helps them persevere whenever they encounter a setback. As previous studies have found that 
resilience supports both academic performance and well-being (Johnson et al., 2015; Martin 
et al., 2015), resilience could also mediate a goal-setting intervention’s influence on academic 
performance and well-being (see Figure 1).  
Grit, related to SRL, engagement, and resilience, could also potentially explain why 
students, who have formulated their goals, persevere and perform well. Duckworth et al. 
(2007), who coined the term, defined it as a “perseverance and passion for long-term goals” 
(p. 1087). Studies have found that it can predict academic performance and engagement 
(Duckworth et al., 2007; Bowman et al., 2015; Hodge et al., 2017).  
Engagement, characterized by dedication, vigor, and absorption, is “a persistent and 
pervasive affective–cognitive state that is not focused on any particular object, event, 
individual, or behaviour” (Schaufeli & Bakker, 2004, p. 295). Dedication is “a sense of 
significance, enthusiasm, inspiration, pride, and challenge,” and to work with vigor means to 
have “high levels of energy and mental resilience […], the willingness to invest effort in one’s 
work, and persistence also in the face of difficulties” (p. 295). Absorption refers to a state in 
which one loses track of the time by being highly concentrated and immersed in an activity. 
Accordingly, Travers et al. (2015) found that students who engaged in the reflective goal-





relates to observed learning activities and course grades, and may be a mediating factor 
between SRL and academic performance (Bakker et al., 2014). Thus, reflective goal-setting 
could potentially improve SRL, resilience, grit, and engagement. If engagement is affected, 
this could, in turn, lead to improvements in performance and well-being (Schippers, 2017).  
Well-being 
Student well-being has recently become a concerning issues in academia (Auerbach et 
al., 2018). Specifically, policymakers and scientists argue that many measures that aim at 
improving academic performance do so at the cost of students’ well-being. However, 
reflective goal-setting interventions aim to improve both academic performance and well-
being, because they challenge students to set academic, social, and health-related goals 
(Schippers, 2017; Schippers & Ziegler, 2019). The action of setting a goal is not expected to 
increase well-being directly, but having the right priorities and strategies should help students 
engage in activities that allow them to pursue their goals in a healthy way. Therefore, we 
expect their engagement to lead to an increase in well-being. In line with Schippers (2017) 
and based on our expectations of a reflective goal-setting intervention’s mechanisms, we 
propose the following hypotheses (following Figure 1’s conceptual model).  
Hypothesis 3. Students in the treatment condition will have a significantly higher growth in 
SRL (effort regulation, attention, intrinsic goal orientation, self-efficacy, and metacognition), 
resilience, grit, engagement, and well-being than their peers in the control condition.  
Hypothesis 4. Gender (higher effect for males) and ethnicity (higher effect for ethnic 
minorities) will moderate the intervention’s effect on SRL, resilience, grit, and engagement 
growth in both business and teacher education students. 
Hypothesis 5. SRL, grit, resilience, and engagement will mediate the intervention’s effect on 







Implementation fidelity, or the degree to which an intervention is delivered as 
intended, is critical for successfully translating evidence-based interventions into practice. 
Previous studies’ inconclusive results could be a result of the differences in intervention 
implementation. For instance, Durlak and DuPre (2008) revealed that careful implementation 
can result in larger effect sizes. In line with Dane and Schneider’s (1998), and Carroll et al.’s 
(2007) models, Horowitz et al. (2018) applied their findings to the field of educational 
psychology and summarized the fidelity concerns into the following six broad categories: 
program differentiation, dosage, adherence, quality of delivery, student responsiveness and 
fidelity-of-receipt.  
Program differentiation is the degree to which the tested intervention can be 
differentiated from the regular program. Using similar interventions with different names 
might disturb the potential effects and this is a particular risk for certain elements in goal-
setting interventions, considering that goal-setting theory has been around for decades (Locke 
& Latham, 2002). Thus far, goal-setting educational literature has not reported program 
differentiation degrees. Dosage refers to ‘how much’ of the intervention was done, measured 
with completion rates, hours spent on the intervention, or output variables, such as the number 
of written words, as reported by the Morisano et al. (2010) and Schippers et al. (2020). 
Adherence refers to whether the treatment’s parts were followed in the correct sequence. 
Quality of delivery, particularly important when teachers or non-researchers must deliver an 
intervention, is successful when participants experience the main points as easy to process, 
true, and emerging naturally (Horowitz et al., 2018). Student responsiveness involves 
students’ responses to the adherence and quality of delivery. Lastly, fidelity of receipt refers to 
the degree to which students internalize the main points that the intervention aims to 









We conducted a large-scale field experiment at the beginning of the 2018-2019 
academic year to test hypotheses 1-5. The intervention consisted of two sets of assignments 
that were individually completed in computer rooms at a university. The participants, who 
were randomly and secretively assigned to a treatment or control group, were monitored 
during the assignments. The participants in the control group created control assignments that 
looked nearly identical to the intervention group’s, but contained questions about the past 
instead of the future. We measured the intervention’s effects on SRL, grit, resilience, and 
engagement at three points in time (T0, T1, and T2) with a survey. We conducted T0 at the 
start of the year and before the intervention, T1 at the end of the first semester, and T2 at the 
end of the second semester. We measured the intervention’s effects on academic performance 
during T1 and T2 with the use of administrative data. 
Participants 
The sample consisted of first-year students enrolled in 13 courses of study1 from two 
faculties within a large Dutch university of applied sciences, located in an urban environment. 
With regards to the student population in these universities in The Netherlands, 43% followed 
an academic track in high school and 31% have a vocational education background (The 
Netherlands Association of Universities of Applied Sciences, 2020). We controlled for this 
 
1 The Dutch higher education system differs from the Anglo-American system in that students have to enroll for 
a specific course of study (comparable to choosing a major) that consists of a standard curriculum with few or no 
electives in the first year. Dropping out in this context means abandoning a complete course of study with all of 
the courses that it contains. Under the current Dutch law, students are not allowed to re-enroll for a course of 





sample characteristic in our analysis, because it differs slightly from the samples of previous 
studies (Dobronyi et al., 2019; Schippers et al. 2015; 2020) and because previous education in 
The Netherlands is strongly related to central exam scores (similar to SAT scores), which is a 
predictor for performance (Van der Zande et al., 2018).  
The sample was taken from teacher education and business studies faculties. Within 
the business faculty, two out of five courses participated with all their 302 first-year students. 
In the teacher education faculty, 11 out of 13 courses participated with a total of 832 first-year 
students. Table 1 shows an overview of the participant characteristics. During our interactions 
with teachers and managers, we compared the existing program to all parts of the reflective 
goal-setting intervention to determine program differentiation. As no courses used any parts 
of the intervention, we could include all parts in the experiment.  
 
Table 1 
Sample Characteristics of the Freshmen per Faculty and Condition 
 Business Education Treatment Control 
N % N % N % N % 
Participants 302 27 832 73 571 50 563 50 
Male 208 69 333 40 268 47 276 49 
Ethnic 
minority 
73 24 275 33 177 31 175 31 
Vocational 
background 
85 28 225 27 154 27 158 28 
 
The internal review board of the researchers’ affiliated university approved the 





included. The procedure in the data management plan ensured the use of pseudonyms before 
datasets were merged, and anonymous and save storage afterwards. After the experiment, all 
the participants were debriefed and received a book about classroom management (teacher 
education) or a business journal (business education). 
In total, 942 (81%) finished both parts of the treatment. We did not find any 
significant differences in participation rates between the groups. Out of the total of 1,134 
students, 1,060 completed every item of the T0 survey and 504 finished the T1 survey online. 
To secure enough response for the third survey, we distributed the T2 survey in paper format 
during the classes (653 responses). To assess whether missing responses had potentially led to 
a non-response bias, we performed several non-response analyses. Specifically, we used a 
multilevel logistic regression analysis to test whether participation in one of the surveys 
significantly correlated with being part of the treatment group or relevant control variables 
(gender, ethnicity, and previous education). The response did not significantly differ from the 
sample based on assignment to the treatment group, gender or previous education. However, 
significantly less students from an ethnic minority responded to the survey, although this 
difference was relatively small (For survey T0 r2 = [1, N = 1,134] .036,  p < .001; for survey 
T1 r2 = [1, N = 1,134] .010,  p < .05; for survey T2, r2 = [1, N = 1,134] .007,  p < .05). 
After screening, we removed 104 cases in the T0 survey, 21 cases in the T1 survey, 
and 23 cases in the T2 survey (those who responded the same answer to all questions, or did 
not clearly write their identification number in the T2 survey). The final dataset contained 
1,134 cases with demographic data, study credit, and drop-out status, of whom 956 had T0 
survey scores, 483 had T1 scores, and 630 had T2 scores. As we used repeated measures, we 
could apply full information estimation in MLwiN (Rasbash et al., 2020). This led to a sample 





We calculated power with the G*Power 3 program (Faul et al., 2007). For linear 
regression that we used to measure effects on study credits or drop-out rates, a sample of 90 
was required to find a small (f .15) effect size at the 5% confidence level with a power of .95. 
The sample in this study contained nearly 13 times as many cases. For the growth models that 
we employed to study potential mediating mechanisms, obtaining two groups with three 
repeated measures, a .5 correlation between repeated measures, and a .9 correction for non-
sphericity required a sample of 230 at a .9 power level. We corrected this for multilevel 
structure (Hox et al., 2010): Neff = N / [1 + (nclus - 1) rho]. Neff = 230 leads to a required N 
= 230 * 4.45 = 1,023.50 to find a f .1 effect size, and N = 556 to find a f .15 effect size (both 
small).  
At the end of the year, we asked a random selection of 20 students from the treatment 
group to partake in qualitative focus groups for evaluation purposes and 14 of these students 
attended. We asked them to evaluate the two parts of the intervention, describe if they had 
learned anything, and if they had applied what they had learned beyond the intervention. 
All study programs, except pre-service economics teachers, were represented in this group. 
Eight of the participating students were female, four were ethnic minorities, and seven had a 
vocational education background.  
Data Analysis 
Measuring Fidelity 
We recorded and transcribed the two focus group conversations, and followed a 
particular protocol to ensure that we evaluated all parts of the intervention, the students’ 
experiences, and the degree to which they had internalized the main points. Specifically, we 
used axial coding to form categories from the answers, and asked the students, through an 






 We conducted independent sample t-tests and χ2 tests to verify the success of the 
randomization. This involved assuring that there were no significant differences in the 
dependent variables (SRL, grit, resilience, engagement, and well-being), demographics, and 
high school GPA (previous performance is a strong predictor of future performance) between 
the control and treatment groups before the intervention (T0). As Levene’s test indicated 
unequal variances for metacognition (F = [1, 950] 4.37, p = .04) and resilience (F = [1, 950] 
5.86, p = .02), we adjusted the degrees of freedom accordingly (Table 2). The T0 survey 
scores showed no significant variable differences between the treatment and control groups 
(Table 2), confirming that the randomization was successful. Table B.2 to B.4 in the 












χ2 or  
t-value (df) 
p-value  N 
Male* .49 (.50) .02 (.02) .582 (1) .45 1,134 
Ethnic minority 
background* 
.30 (.46) .01 (.02) .010 (1) .92 1,134 





GPA High School2 6.50 (.44) -.48 (.24) -1.56 (70) .12 701 
T0 Self-efficacy  3.92 (.56) .01 (.03) -.14 (96) .89 958 
T0 intrinsic g. orient. 4.21 (.50) .05 (.02)  1.43 (95) .15 956 
T0 Metacognition 3.42 (.62) .03 (.03) .67 (947.23) .50 952 
T0 Attention 3.46 (.67) .05 (.03) 1,057 (947) .29 949 
T0 Effort regulation 3.73 (.52) .05 (.03)  1,474 (958) .14 960 
 
T0 Resilience 3.93 (.48) .00 (.03) .010 (948.93) .99 956 
T0 Grit  3.65 (.52) .05 (.03) 1,370 (958) .17 960 
T0 Engagement 3.32 (.66) .01 (.03) .34 (954) .73 956 
T0 Well-being 4.55 (.73) -.04 (.03) -.75 (954) .46 956 
*= tested by means of χ2 since variable is dichotomous. df = degrees of freedom 
Note. Analysis done unilevel because the students did not yet belong to natural groups upon entry.  
 
Measuring Treatment Effects on Performance and Behavior 
As the sample consists of natural groups (courses and faculties), we conducted 
multilevel regression analyses when the intra-class correlations of the study program or 
faculty appeared to be significant. The intervention’s effect on the social-cognitive variables 
was estimated with multilevel growth models through three repeated measures in MLwiN 
(Rasbash et al., 2020). We verified if the growth was non-linear by testing whether adding 
time-squared to the equation significantly improved the model fit. This allowed us to infer if 
the treatment was related to higher scores at both points in time. In these models, we 
estimated the treatment’s effect on growth, as the interaction between time and condition. We 
 
2 GPA in Dutch High Schools is measured on a 10-point scale, 6 is the threshold for passing. Students with a 






also estimated the hypothesized moderation effects of gender, previous education, and 
ethnicity (hypothesis 4) through these growth models. The tested models included condition 
(intervention), gender, previous education, time (and time-squared), ethnicity, and the these 
variables’ interaction terms as fixed effects. We included faculty (N = 2) and course (N = 13) 
as variance levels in the random effects whenever this led to a significant model fit 
improvement. Testing for non-linearity was relevant, because performance in credits 
accumulates, while behavior (in a literal sense) does not, and our theory predicted that the 
intervention would have particular time-dependent effects at the start of the study.  
First, we looked for the intervention’s direct effects on growth on every construct 
separately (hypothesis 3). Second, we tested whether any effects might be moderated 
(hypothesis 4). When no direct effect was found, we could also exclude a mediated effect 
(hypothesis 5) (Fairchild & MacKinnon, 2009). We tested the models’ fit improvements by 
means of the difference in deviance (-2*loglikelihood) between nested models. This 
difference has a chi-square distribution with the difference in the number of parameters 
estimated as degrees of freedom. Effect sizes are calculated as the proportions of explained 
variance between the nested models, both for total variance and for variances per level. After 
fitting the growth models, we also performed an ordinary multilevel analysis for every 
psychological construct separately to verify if this resulted in different outcomes.  
For the dependent variable ‘course credits’ (hypothesis 1), we did not use growth 
models, but ordinary multilevel modeling, as all the students started with zero course credits 
(T0). Therefore, we only have two measurements for course credits (T1 and T2). Using a 
RCT as the study design, the condition’s effects on T1 or T2 reflects the goal-setting 
treatment’s effects. In the analyses, with T1 as the dependent variable, we had to use two 
variance levels (student and course) (see Appendix Table B.5.0). For the obtained credits after 





the model fit (Appendix Table B.6.0.). Therefore, we conducted unilevel analyses with this 
dependent variable.  
Measuring Treatment Effects on Drop-out Rates using Multilevel Logistic Regression 
As dropping out of a study program is a binary variable (1 = drop-out, 0 = not), we 
used logistic regression analyses for this dependent variable and verified whether a multilevel 
logistic regression was needed. We obtained the starting values for this analysis using first 
order marginal quasi-likelihood and the final model fit with second order predictive quasi-
likelihood (Rasbash et al., 2020). Adding the course level to a logistic regression model did 
not significantly improve the model fit (χ2 = [1] .18, p = n.s.). It can be inferred that the 
faculty level is not needed either, because courses are nested in the faculties. Therefore, we 
conducted a binary logistic regression in SPSS to measure the treatment’s effect on drop-out 
rates, with and without controlling for gender, ethnicity, and previous education. We used 
Nagelkerke’s r-square to estimate the proportion of explained variance per model, and the 
difference in  Nagelkerke’s r-square for the fit improvement between nested models. Also, we 
calculated the log odds, as an indication of the independent variables’ effects.  
Instruments 
We measured dosage fidelity by tracking the completion rates and the number of 
words that students wrote in both parts of the intervention (Table 1). Three items at the end of 
the intervention and control group tested student responsiveness to the intervention on a five-
point Likert scale, ranging from disagree or agree: serious participation, if they learned 
something, and if the intervention shaped their thoughts about their future. We also 
qualitatively assessed both student responsiveness and receipt fidelity at the end of the year 
with two focus groups (N = 14, intervention only). 
The selected university used the European Credit Transfer and Accumulation System 





credits that stand for 1,680 study hours (1 credit amounts to 28 study hours). In their first-
year, students need to obtain a minimum of 42 out of 60 ECTS to be allowed to continue 
studying. Thus, we measured academic performance by tracking the participants’ obtained 
ECTS credits and drop-out/retention rates, supplied by the university administration. 
The following standardized scales measured SRL (self-efficacy, intrinsic goal 
orientation, metacognition, effort regulation, and attention), resilience, grit, engagement, and 
general psychological well-being (PGWB). The modular subscales for effort regulation, 
metacognition, attention, intrinsic goal orientation, and self-efficacy stem from the Motivated 
Strategies for Learning Questionnaire (MSLQ) (Duncan & McKeachie, 2005; Pintrich et al., 
1993). Both subscale selection and Dutch translation were based on a previous study that 
tested the instruments on Dutch professional higher education students (De Bruijn-Smolders, 
2017). We measured resilience with a Dutch translation of the 10-item Connor-Davidson 
Resilience Scale (Campbell-Sills & Stein, 2007), grit with a Dutch translation of the 10-item 
GRIT-S scale (Duckworth & Quinn, 2009), and well-being with a Dutch translation of the 
six-item PGWB scale (Grossi et al., 2006). Schaufeli et al.’s (2006) nine-item UWES scale 
served to measure student engagement.  
Most subjective and psychological well-being scales include items that are closely 
related to having a goal or purpose (Klug & Maier, 2015; Ryff & Singer, 1996). This could 
cloud conceptual clarity and make the correlation between goal pursuit and subjective well-
being spurious. The short PGWB scale covers six health-related quality of life domains and 
none of the items overlap with setting or having a goal: anxiety, depressed mood, positive 
well-being, self-control, general health, and vitality. Therefore, using this scale allows for a 
more valid testing of goal setting’s effect on well-being.  
Half a year before the experiment, we pre-tested all the scales on a small sample of 





assessment, we made minor language adjustments to replace complicated words and 
ambiguous formulations. 
Psychometrics 
We performed a CFA with the Mplus program (Muthén & Muthén, 1998-2006) on the 
questionnaire items to verify the self-efficacy, intrinsic goal orientation, metacognition, effort 
regulation, attention, resilience, grit, engagement, and well-being scales’ validity. We 
calculated the covariance structures using weighted least squares with means and variances 
(WLSMV), because the scores are categorical (Likert scales). For each measurement moment, 
we conducted a separate CFA. After the initial CFA, we used modification indices and factor 
loadings to identify problematic items. As the variables were summed per used scale in the 
repeated measures’ multilevel regression analyses, the models for each of the three 
measurement moments must contain the same items. Based on the modification indices, only 
two items had to be removed. Table 3 shows the results of the CFA before and after this 
removal from all repeated measures. Table 4 depicts the reliability of the scales at every 
repeated measure and after the two item removal. The scales’ Cronbach’s alpha reliabilities 
range from moderate (.65) to robust (.86) (Taber, 2018). All scales have alphas above .7, 




3 The authors of the final validated MSLQ version reported similar (.69 - .74) alpha coefficient’s for these 





Table 3  
Results CFA (WLSMV) 
 T0 T1 T2 
χ2  5,388.69 4,359.32 5,496.47 
df 1,793 1,793 1,793 









CFI .89 .86 .81 
TLI .89 .85 .80 
Note. CFA performed with 62 items (after removal of 2 items). For an extended table with the results 
before removal of see Table B.1 (in the appendix). Sample sizes: T0 N = 960; T1 N = 505; T2 N = 
666. 
 
Table 4  
Reliability of the Item Sums per Construct at T0, T1 and T2 (after removal of 2 items) 
Scale N Cronbach’s 𝛼 N -items Range c-i-t-c items removed 
T0 selfeff 958 .75 5 .43 - .62 - 
T1 selfeff 499 .75 5 .41 - .65 - 
T2 selfeff 617 .75 5 .41 - .55 - 
T0 intrins 956 .70 5 .35 - .56 - 
T1 intrins 497 .73 5 .37 - .59 - 
T2 intrins 624 .68 5 .40 - .49 - 
T0 meta 952 .77 7 .43 - .58 - 
T1 meta 497 .75 7 .28 - .57 - 
T2 meta 607 .77 7 .41 - .53 - 
T0 attent 947 .78 6 .40 - .65 - 
T1 attent 496 .79 6 .38 - .68 - 
T2 attent 641 .78 6 .45 – .60 - 
T0 effort 953 .65 5 .30 - .53 1 





T2 effort 654 .66 5 .35 - .55 1 
T0 resil 944 .82 10 .36 - .58 - 
T1 resil 481 .86 10 .41 - .63 - 
T2 resil 611 .81 10 .30 - .56 - 
T0 grit 937 .78 10 .26 - .56 - 
T1 grit 494 .75 10 .25 - .55 - 
T2 grit 592 .72 10 .24 - .53 - 
T0 engag 951 .83 8 .32 - .70 1 
T1 engag 485 .85 8 .46 - .72 1 
T2 engag 617 .80 8 .37 - .66 1 
T0 wellb 956 .79 6 .49 - .64 - 
T1 wellb 483 .85 6 .56 - .71 - 
T2 wellb 614 .86 6 .52 - .73 - 
c-i-t-c= corrected item total correlation 
 
We used several fit indices to evaluate the model fit. As the χ2 statistic is highly 
sensitive to sample size and tests exact fit, which is too strict a criterion for the social 
sciences, we also used the Comparative Fit Index (CFI), Tucker Lewis index (TLI), and Root 
Mean Square Error of Approximation (RMSEA). Generally, a model is considered fair when 
CFI and TLI ≥ .90, and good when CFI and TLI ≥ .95 (Hu & Bentler, 1999). In addition, 
RMSEA-values (upper estimate of the 90% confidence interval) of ≤ .05 are considered a 
close (good) fit, between .05 and .08 a fair fit, between .08 and .10 a mediocre fit, and > .10 a 
poor fit (Hu & Bentler, 1999; MacCallum et al., 1996). The χ2 of the three models indicate no 
exact fit and all the RMSEA values of the models indicate a good or fair fit, but the CFI and 
TLI range between .80 and .89, which is slightly below the fair fit value. All items load 
significantly on the factor they are supposed to measure, and we also did not find perfect 
correlations between factors. Therefore, the overall validity of the instruments seems 
reasonable, the different constructs show good discriminant validity, and the reliabilities are 








We assessed implementation fidelity using Horowitz et al.’s (2018) six categories. 
Regarding the dosage fidelity, 536 students (94%)  finished part one of the intervention and 
470 (82%) finished both parts. We ensured that every student completed parts 1 and 2 in the 
right sequence by closing the access to part 1 before sending part 2 to the students 
(adherence). We are able to cover quality of delivery, because the intervention was delivered 
online and the conditions were controlled in surveilled computer classrooms. The items that 
measured responsiveness indicate that 69.9% of the participants in the treatment condition, 
who completely finished both parts, agreed that they took the assignments seriously. One in 
five (20.1%) neither agreed nor disagreed and 9.2% disagreed. The degree to which the 
students took the assignment seriously correlated significantly with the number of written 
words (r = .36, p < .001).  
During the focus groups, two students reported that they did not take the assignment 
seriously, because “it was part of an experiment” and “because I don’t like writing so much.” 
A few students reported that the intervention had influenced their behavior, three of which 
noted its influence in other domains as well as academia. One student stated that the 
intervention had helped him combat both his planning and financial issues right at the start of 
his studies. Another student noted remembering writing down a social and academic goal: 
“the intervention made me realize that I should stop my loner behavior and try to fit in 
socially […] the academic goal made me ask for help sooner whenever I got stuck.”  
Half of the students in the focus group, seven of 14, initially did not remember taking 
part in the intervention, similar to what other researchers reported (Walton & Cohen, 2011). 
However, some did remember it later on in the conversation: “It was right at the start of the 





these students later stated that they did think it brought them more focus at the start of their 
study. When we discussed potential intervention improvements, all the students in the focus 
group agreed that a more personalized follow-up would aid them internalize and utilize the 
intervention throughout the course of the year. As one student put it: “One’s teacher or coach 
should recall the intervention one period later. You write down your goals then, but now you 
are here in this point in time. What about these goals now?” When asked if email reminders 
would suffice, the students reported that they already received too many emails and would 
perceive this as a burden rather than helpful. Overall, these results indicate moderate 
implementation quality. Therefore, we expect to still find a (suboptimal) effect of the 
intervention. 
Hypotheses 
Students received an average of 17.24 course credits in the first semester. Those in the 
treatment group, on average, earned 1.04 study credits more than their peers in the control 
group during the first semester, which is a significant difference (Table 5, models 1 and 2). 
This advantage becomes slightly larger and remains significant when we first control for 
previous education, ethnicity, and gender (Table 5, models 3 and 4). To test whether the 
intervention works better for subgroups, as determined by Schippers et al. (2015), we added 
the interaction effects between condition and previous education, ethnicity, and gender, 
respectively, to a model, with the main effects being condition, previous education, and 
gender. However, none of these moderator effects proved a significant improvement to the 
model (Table B.5.1, Appendix). This suggests that the intervention did not work differently 








Treatment Effects on Course Credits After One Semester 
Model 1 2 3 4 
Fixed part     
Intercept 17.24 (.94) 16.73 (.97) 20.86 (.96) 20.33 (.99) 
Intervention (= 1)  1.04* (.53)  1.09* (.50) 
Vocational background (= 1)   -3.59*** (.60) -3.60*** (.59) 
Ethnic minority backg. (= 1)   -3.52*** (.59) -3.54*** (.59) 
Male (= 1)   -3.21*** (.55) -3.20*** (.55) 
Random part     
Student variance 77.04 (3.27) 76.77 (3.26) 70.03 (2.97) 69.73 (2.96) 
Course variance 10.13 (4.46) 10.12 (4.45) 9.00 (3.98) 9.00 (4.00) 
Total variance 87.17 86.88 78.99 78.72 
Deviance 8,102.86 8,098.92 7,995.29 7,990.59 
% expl. var. student level  .35 9.10 .42 
% expl. var. study program level  .17 11.58 - 
% expl. var. total  .33 9.39 .34 
Sig. difference of fit 
 compared to … 
 model 1  
χ2(1) = 3.94 
p < .05 
model 1 
χ2(3) = 107.58 
p < .001 
model 3 
χ2(1) = 4.70 
p < .05 
*=sig. at 5%; ** sig. at 1%; ***=sig. at 0.1%.  (n.s.=non significant) 
Note. Standard errors are presented in parentheses. Student N = 1,134; study program N = 13; faculty 
N = 2. 
 
At the end of the first year, the students earned an average of 42 course credits. 
Students assigned to the treatment group earned 2.7 credits more than their peers in the 
control group. After controlling for previous education, ethnicity, and gender (Table 6, 
models 3 and 4), the difference between the treatment and control groups decreases to 2.5 
credits, but remains significant (p < .05). As with the study credits at T1, there are no 





the effect is not dependent on gender, background, or ethnicity. However, the intervention’s 
effect sizes on course credits are small. After controlling for previous education, ethnicity, 
and gender, the intervention explains 0.34% of the variation in credits at T1 and 0.35% at T2. 
However, students on average only invested two hours in the intervention and one study credit 
amounts to 28 study hours. 
 
Table 6 
Treatment Effects on Course Credits After One Year 
Model 1 2 3 4 
Fixed part     
Intercept 42.01 (.67) 40.65 
(.95) 
50.52 (1.09) 49.21 (1.27) 
Intervention (= 1)  2.70* (1.34)  2.53* (1.28) 
Vocational backgr. (= 1)   -9.96*** (1.50) -9.95*** (1.49) 
Ethnic minority b. (= 1)   -7.00*** (1.46) -7.01*** (1.46) 
Male (= 1)   -7.56*** (1.30) -7.50*** (1.30) 
Random part     
Student variance 508.26 (21.35) 506.44 (21.27) 463.86 (19.50) 462.26 (19.41) 
Deviance 10,284.11 10,280.02 10,180.50 10,174.68 
% expl. var. student (= 
total) level 
 .36 8.74 .35 
Sig. difference of fit 
 compared to model  
 Model 1  
χ2(1) = 4.08 
p < 0.05 
Model 1  
χ2(3) = 103.66 
p < 0.001 
Model 3 
χ2(1) = 5.77 
p < .05 
*sig. at 5%; **sig. at 1%; ***sig. at 0.1%.  (n.s.=not significant) 
Note. Standard errors are presented in parentheses. Student N = 1,134; study program N = 13; faculty 






With respect to drop-out rates, the results were similar: 39% of all students in the 
control group dropped out of their study program during the first year, compared to 33% in 
the treatment group. The logistic regression shows that the intervention significantly predicts 
drop-out rates (p = .036), but the proportion of explained variance is small. The log odd is 
.772, meaning that a student in the control group has a 1.3 times higher chance of dropping 
out than one in the intervention group. After controlling for previous education, ethnicity, and 
gender, the intervention’s effect is still significant (p = .042) and the three covariates together 
are highly significant (p = .000). We may also conclude that after controlling for the three 
covariates, the intervention explains a proportion of .5% extra variance in drop-out rates. 
Therefore, hypothesis 1 is accepted, while hypothesis 2 is rejected. The cost-benefit ratio can 
be considered good, because the treatment has a time investment of about two hours per 
student, resulting in an average 2.5 extra credits (approximately 70 study hours) and 6 
percentage point less drop-outs at the end of the year.  
Our third hypothesis predicted a treatment effect on growth in SRL, resilience, grit, 
engagement, and well-being. Contrary to expectations, both multilevel growth and regression 
models that measured treatment effects after one and two semesters showed no direct 
significant treatment effects on effort regulation, metacognition, attention, intrinsic goal 
orientation, self-efficacy, grit, resilience, engagement, or well-being (Table B.7-B.15, 
Appendix). Therefore, hypothesis 3 is rejected.  
Although it is unlikely to find a moderator effect without a direct effect, it is still 
potentially possible. Thus, we continued testing whether significant treatment effects could be 
found if we added gender and ethnic minority as moderators (hypothesis 4). None of these 
models proved significant, rejecting hypothesis 4. 
Hypothesis 5 supposed that the selected SRL modules, grit, resilience, and 





mediation can occur, because we did not find a direct effect of the intervention on well-being 
(Fairchild & MacKinnon, 2009), rejecting hypothesis 5.  
 
Discussion 
As universities are looking for scalable and low-cost interventions that could aid a 
broad population, a reflective goal-setting intervention could potentially provide a solution. 
However, thus far, the evidence about its effectiveness is divided, the mechanism that could 
explain why and when it works is still underexplored, and the domains in which it is tested are 
relatively limited. The reflective goal-setting intervention in this study yielded a significant 
positive effect on course credits and retention. In contrast to earlier results (Schippers et al., 
2015), the effect was independent of domain, gender, ethnicity, or educational background. 
Also contrary to expectations, the treatment group did not differ significantly in SRL, grit, 
resilience, and engagement growth, these constructs do not appear to be mediators between 
the intervention and academic outcomes.  
Our findings expand the literature on reflective goal-setting and life crafting’s effects 
on academic performance in several ways. First, we bridged the conflicting findings on its 
effectiveness, as noted in the literature review, showing a smaller effect size than the small-
scale quasi-experimental studies, but a significant positive effect, contrary to Dobronyi et al. 
(2019). Previous studies did not monitor implementation fidelity or only partially. Thus, to 
our knowledge, this was the first goal-setting intervention study to assess implementation 
fidelity as part of the design. Due to its moderate fidelity, we expect that the intervention’s 
effect may have been suppressed. The degree to which the intervention has been successfully 
implemented thus far could potentially explain the differences we found in effect sizes. For 
instance, in terms of student responsiveness, 70.1% reported taking the intervention seriously. 





issues are particular to the design of large-scale experiments and could explain smaller effect 
sizes. A second example is the intervention’s dosage fidelity. Prior research showed the 
number of written words to be a significant predictor of academic performance (Schippers et 
al., 2015; 2020). Students in the current study wrote nearly three times less than the average 
of around 3,000 words in Morisano et al. (2010) and Schippers et al. (2020).4 Writing more 
can be an indicator of more extensive reflections and more specific goal achievement plans. 
Thus, part of the intervention’s effect could potentially be attributed to dosage fidelity. Future 
studies can build on this approach to ensure that implementation fidelity is closely monitored 
and taken into account in a meta-analysis. Practitioners could monitor this variable as a 
potential condition for success. 
Second, the intervention did not improve the SRL modules, grit, resilience, 
engagement, or general psychological well-being. Thus, the constructs did not mediate the 
treatment effect, contrary to Schippers (2017) expectations, nor did the intervention lead to 
expected significant benefits on well-being, as suggested by Schippers and Ziegler (2019). 
This improves the accuracy of our knowledge by rejecting hypotheses that previous studies 
supported based on correlational evidence (e.g., Sitzmann & Ely, 2011; Travers et al., 2015). 
It is particularly striking that we found no intervention effects on SRL or specifically effort 
regulation, given all the previous findings on this effect in other contexts (Locke & Latham, 
2002). This might suggest that either the first year of higher education is substantially 
different from the contexts in which goal-setting interventions have thus far been tested, or 
that reflective goal-setting has a distinctly different effect from other types of goal-setting 
interventions.  
 





Third, we expanded the intervention to a new domain. Specifically, reflective goal-
setting interventions have only been applied to students studying business or economics, and 
we showed that their effects can also be reproduced in the context of teacher education.  
Fourth, we specified the degree to which reflective goal-setting interventions can 
improve equal opportunities in college. Thus far, quasi-experimental studies have indicated 
that such interventions could close the achievement gap, suggesting that underperforming 
male students and ethnic minorities would benefit more from the intervention (Schippers et 
al., 2015). However, we found no significant interaction effects between these variables and 
the intervention on course credits, highlighting that the intervention affected performance 
irrespective of gender, ethnicity, or previous education. Given the high power and large 
sample size of this study and the spread among gender and ethnicity, a type II error is 
unlikely.    
Finally, we found positive treatment effects both after a semester and at the end of the 
year. As the treatment effect on obtained course credits grew proportionately, the intervention 
had a durable benefit that improves over time. This finding is in line with Walton (2014) as 
well as Schippers and Ziegler (2019), who argued that a well-timed intervention at the start of 
one’s studies can create a positive recursive spiral or stop a negative spiral. It might well be 
that the intervention aided students to organize and prioritize their studies during a crucial 
period. Those in the focus group indeed mentioned that participating in the intervention aided 
them in organizing their studies, and even their finances and social lives.  
Limitations and Future Directions 
Due to the rigorous controlled experimental design, the students and teachers received 
limited information about the intervention and none about its expected benefits. In the focus-
group interviews, students mentioned that this made them somewhat skeptical about 





having a mentor follow-up during regular coaching sessions would increase the positive 
effect. Some students remarked experiencing too little of a follow-up, except for the emails 
that they perceived as bothersome. Future studies could look into new innovative and 
personalized ways of organizing follow-ups, using, for example, a chatbot-coach that 
personally reminds and helps them to work on their goals (Dekker et al., 2020). In this way, 
reflective goal-setting interventions might yield a larger effect.  
In line with the principles of replication with variation (Locke, 2015), the current study 
examined grit, engagement, resilience, and several modules of SRL, as mediators for the goal-
setting intervention’s effect to expand the related literature’s generality. Given that these 
constructs did not prove to be a part of the core mechanisms in this context, future studies 
could also explore the mediating or moderating effects of other potential constructs, such as 
procrastination, or other variables that do not require self-reported measures, such as time 
spent on study and attendance. Further information on mediating constructs can aid the 
effective directed implementation in the right conditions and contexts. 
Although we carefully considered all the aspects for implementation fidelity, we still 
cannot compare the results to other studies, as they did not report on these aspects and this 
study appears to be the first to examine implementation fidelity. Future studies should include 
transparent measures on the different aspects of implementation fidelity to compare and 
weigh its impact. 
As mentioned before, several types of reflective goal-setting exercises are available. In 
the current study, they are categorized as the same type, because they share several working 
mechanisms that distinguish them from other types of goal-setting interventions, but there are 
differences (Schippers & Ziegler, 2019). These different versions might be altered and 
improved over time. Thus, future research should carefully document which version they use 





and ethnicity were strong predictors of academic performance and retention during the first 
year of college. Studying interventions that could potentially mitigate these negative effects, 
both in the first year and during the rest of the course, remains a relevant topic.  
Conclusion 
The teacher and business education students who received a reflective goal-setting 
intervention at the beginning of their study obtained significantly more course credits and 
dropped-out significantly less than those who received a control assignment. The treatment 
effects were independent of gender, ethnicity, or previous education, while growth in grit, 
resilience, engagement, or SRL did not mediate the direct effects. The intervention also did 
not significantly influence the students’ general psychological well-being, and its 
implementation fidelity was moderate, suggesting that the latter may have suppressed the 
treatment’s effects. These findings indicate that reflective goal-setting has a small, but 
significant effect on academic performance when it is implemented at a moderate level. As 
the intervention only took students two hours to complete and their gains equaled to 70 study 
hours (2.5 study credits) and 6 percentage point less dropout, this is good news for educators 
seeking to improve academic performance. A marginal addition of credits may especially 
make a difference for low performing students. Carefully implementing a scalable online 
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